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E-mail address: huser.vojtech@marshﬁeldclinic.orgProvision of query systems which are intuitive for non-experts has been recognized as an important
informatics challenge. We developed a prototype of a ﬂowchart-based analytical framework called
RetroGuide that enables non-experts to formulate query tasks using a step-based, patient-centered par-
adigm inspired by workﬂow technology. We present results of the evaluation of RetroGuide in compar-
ison to Structured Query Language (SQL) in laboratory settings using a mixed method design. We asked
18 human subjects with limited database experience to solve query tasks in RetroGuide and SQL, and
quantitatively compared their test scores. A follow-up questionnaire was designed to compare both tech-
nologies qualitatively and investigate RetroGuide technology acceptance. The quantitative comparison of
test scores showed that the study subjects achieved signiﬁcantly higher scores using the RetroGuide tech-
nology. Qualitative study results indicated that 94% of subjects preferred RetroGuide to SQL because Ret-
roGuide was easier to learn, it better supported temporal tasks, and it seemed to be a more logical
modeling paradigm. Additional qualitative evaluation results, based on a technology acceptance model,
suggested that a fully developed RetroGuide-like technology would be well accepted by users. Our study
is an example of a structure validation study of a prototype query system, results of which provided sig-
niﬁcant guidance in further development of a novel query paradigm for EHR data. We discuss the
strengths and weakness of our study design and results, and their implication for future evaluations of
query systems in general.
Published by Elsevier Inc.1. Introduction
Many healthcare organizations today maintain an enterprise
data warehouse (EDW) with large volumes of clinical data [1,2].
These data represent a great opportunity for projects in quality
improvement [3] or biomedical research [4]. EDWs, however, are
very complex, and signiﬁcant knowledge and experience are re-
quired for most query tasks [5]. Dorda et al. [6] and Chute [7] both
indicate that user-friendly clinical query systems represent a con-
siderable informatics challenge. Schubart’s survey [5] of EDW clin-
ical users and analytical staff showed that as many as 31% of the
users with an EDW logon account reported that they never person-
ally submitted a query to the EDW because of technological barri-
ers such as necessary knowledge of the computer software,Inc.
Roberto Rocha were afﬁliated
niversity of Utah, and with
ah, and with Intermountain
lt Lake City, UT, USA. Fax: +1
(V. Huser).required training time, and complexity of the coding, ﬁnancial or
other data structures.
There are two fundamental ways of querying EDW data: direct
authorship of the query code (the user constructs the query logic
in a low-level query language) or use of a query-building tool (a spe-
ciﬁc query application assists the user in the query composition).
Direct authorship of the query code is very similar to conventional
programming and requires substantial expertise in a given query
language, plus substantial knowledge of the underlying database
schema [8]. Direct code authorship is often used for complex que-
ries, the only restriction being the query language syntax. A non-
expert EDW user usually collaborates with an expert analyst,
knowledgeable of the EDW data structures and query technologies.
Examples of query languages used to query clinical databases are:
Structured Query Language (SQL), TimeLine SQL (TLSQL) [9], or
AMAS language [6]. Query-building tools, on the other hand, are
speciﬁcally designed for a non-expert user and offer a set of pre-
designed features which are easier to use then direct query code
authorship. A classic example of a query-building tool is query de-
sign view within Microsoft Access. Examples of query-building
tools for healthcare data are: (a) institution speciﬁc tools such
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tools such as: i2b2 Data Repository Cell [13]. A query building tool
provides an additional query modeling layer (often involving a
graphical metaphor) which eventually generates query code in
one or a combination of several query languages. Although a
query-building tool enables non-experts to execute queries un-
aided, it often limits the query expressiveness when compared to
the direct code authorship. A common challenge of many query
building tools is a case of a complex query which can be solved
by an experienced analyst using the underlying low-level query
technology (or a combination of several technologies), but it is
not possible to author such query within the query building tool.
This limitation can be caused by several factors: (1) limited tool’s
user interface; (2) the chosen graphical metaphor or the tool’s na-
tive modeling paradigm can not support all necessary query crite-
ria; (3) limited capability to combine interim solution layers within
the tool (e.g., output of one query criterion is input for another cri-
terion) or (4) the underlying low-level query language is too
restrictive and can not be extended with user deﬁned functions
or combined with additional technologies within the tool.
We developed an analytical framework called RetroGuide
[14,15] to address some of the query systems challenges men-
tioned above, and the focus of this paper is to present a mixed
method evaluation of the RetroGuide prototype. RetroGuide is a
suite of applications which enables a more user-friendly analysis
of EDW data. RetroGuide uses, as graphical query metaphor,
step-based ﬂowchart models (called ‘‘scenarios”) to represent que-
ries. A RetroGuide scenario has two layers: a graphical ﬂowchart
layer and a hidden code layer. The ﬂowchart layer (see Fig. 1 for
an example) can be created and reviewed by users with limited
expertise in database and query technology (e.g., champion clini-
cians or other non-expert requestors of EDW analyses such as
administrative and management level healthcare personnel). The
code layer is hidden behind the nodes and arrows of the ﬂowchart
and contains references to modular applications which can obtain
EHR data or provide various analytical functions. RetroGuide query
framework is extensible through addition of new modular applica-
tions, and the user can use scenario variables to combine related
query criterions. The very close relationship between the scenario
ﬂowchart and the query execution engine goes beyond the tradi-Fig. 1. Viewing a RetroGuide scenario in a JaWE workﬂow editor. Referenced
RetroGuide external applications can be viewed when double-clicking on a
ﬂowchart node. The scenario concurrently shows the RetroGuide solution to task
question T5 in the evaluation study.tional functionality of a query building tool and has many similar-
ities to direct code authorship using a procedural and extensible
query technology.
1.1. Lack of standards for evaluating query systems
As an introduction to our evaluation study design, we provide a
brief overview of prior evaluations of related query systems. The
ﬁndings of such review inﬂuenced our study design; however, it
was not our goal to provide a generic query system evaluation
methodology which addresses all possible challenges of such
evaluation.
It is methodologically difﬁcult to evaluate advanced data query
systems and only a subset of previous publications about query
systems includes an evaluation section [10,16–18]. The spectrum
reﬂecting the degree of formal evaluation component in query sys-
tems publications would be: (1) no formal evaluation method pre-
sented (system features or methodology are descriptive only), (2)
partial presentation of several example queries, with or without
comparison to other query technologies, (3) complete single or
multiple case studies (query and results) where the system is used
to solve a concrete analytical problem, (4) presentation of system
usage statistics demonstrating technology adoption by users, (5)
qualitative stand-alone evaluation of the system with discussion
of features distinguishing the system from previous similar efforts,
and (6) comparative evaluation study using some qualitative mea-
sures to contrast the system against an existing technology.
Challenges to rigorous evaluation include the fact that innova-
tive query technologies are often only evaluated in a prototype
stage because many projects never reach widespread use where
the technology would be reﬁned to a user-friendly ﬁnal product.
The prototype status prevents researchers from conducting a prop-
er laboratory-based evaluation. The prototype may contain a fully
developed query language or engine, but lack a fully developed
user-friendly query interface. Moreover, many of the products
were primarily used within the originating institutions, i.e., use
outside of these institutions would require substantial system
adjustments; the systems are commonly not available for down-
load and subsequent deployment at diverse sites. Finally, there
are no standardized collections of queries (‘‘test cases”), which
would be regarded as representative of the analytical challenges
of a given domain, but at the same time unbiased (system neutral).
Query technologies from each unique domain focus on the speciﬁc
and different challenges of that domain. For instance, within the
healthcare domain, extending query technologies to better handle
temporal reasoning is the special focus of many research-origi-
nated query systems [9].
Some of the biomedical query system evaluations which dem-
onstrate the aforementioned methodological difﬁculties are Archi-
Med [16] and the AMAS query language [6], DXtractor [17],
Chronus [18] and the TimeLine Structured Query Language (TLSQL)
[9], ACT/DB [8], and PROTEMPA [19]. Presenting several example
queries and clinical case studies are the two most frequently used
evaluation approaches. While example queries and case studies
can be useful in understanding and demonstrating the new tech-
nology, they do not constitute a thorough evaluation.
TLSQL is currently the only technology with a formal quantita-
tive comparative evaluation versus the structured query language
(SQL), the most established query technology. Interestingly, there
are no rigorous studies exploring the use of SQL by non-experts
(e.g., clinicians or healthcare administrative personnel) and, in par-
ticular, their ability to solve a larger spectrum of query tasks. How-
ever, multiple qualitative reports do indicate that composing
advanced queries in SQL requires substantial expertise [5,8,20].
Apart from looking at the technology’s ability to model queries
from a given corpus of problems, the evaluation of query systems
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Research on information technology acceptance offers several
models which combine inputs from the theory of reasoned action,
the motivational model, the theory of planned behavior, the inno-
vation diffusion theory, and the social cognitive theory [21]. In bio-
medical informatics, a technology acceptance model described by
Davis [22,23] and Bagozzi [22,23] has been successfully applied
in evaluations of several informatics resources [24–27]. However,
a technology acceptance model has apparently not been applied
to the evaluation of query systems.
The most recent technology acceptance theory has been formu-
lated by Venkatesh et al. [21] and is known as the ‘‘Uniﬁed Theory
of Acceptance and Use of Technology” (UTAUT). Venkatesh’s model
clearly deﬁnes determinants of user’s intention to use, as well as ac-
tual use of a given resource. UTAUT offers validated constructs and
survey instruments which can be used in system evaluation.
Outside the biomedical domain, similar methodology limita-
tions in query systems evaluation can be observed [28]. Two types
of evaluated systems are: (1) query languages with speciﬁc ad-
vanced capabilities [29,30], and (2) query systems using a visual
metaphor to help the user in query formulation [31–33]. We have
also reviewed evaluation strategies for a related ﬁeld of natural
language interfaces to databases [34–36]. The use of demonstrative
examples is again the most common evaluation strategy, while the
percentage of correctly generated queries, the percentage of unam-
biguous queries, and the query processing time are the most com-
mon quantitative measures. Murray et al. [33] describe a
comparative, task-based evaluation of Kaleidoquery versus object
query language using two groups of users (programmers and
non-programmers).
1.2. RetroGuide
For better understanding of our RetroGuide evaluation study,
we provide a brief description of RetroGuide. RetroGuide is based
on workﬂow technology’s [37] idea of executable ﬂowcharts
[14,15]. Thus, a query is viewed as a patient-centered, step-based
process. The ﬂowchart layer of a RetroGuide scenario represents
these steps graphically and the execution of the ﬂowchart is en-
abled by references to modular RetroGuide external applications
(RGEAs) that provide speciﬁc data processing tasks, such as obtain-
ing patient data, or performing data transformation and analysis.
The RetroGuide suite of tools includes a basic starting set of these
modular applications. This set can be further extended based on
speciﬁc needs for additional analytical tasks. RetroGuide also uti-
lizes the workﬂow technology concept of variables to transfer rele-
vant data between individual scenario steps. RetroGuide uses the
‘‘XML Process Deﬁnition Language” (XPDL) as the underlying work-
ﬂow deﬁnition language [38]. Currently, an open source workﬂow
editor called JaWE [39] is used to model RetroGuide scenarios, but
other XPDL-compliant editors could be used as well [40,41]. An
example scenario viewed in JaWE is presented in the ﬁgure. A Ret-
roGuide scenario consists of nodes which represent individual sce-
nario steps. Each node may contain the execution of one or more
external RGEAs. Arcs connecting the nodes represent the ﬂow of lo-
gic and may contain a transition condition which further restricts
the scenario logic, or implements branching or repetition logic.
Our underlying RetroGuide development aim is to test the fea-
sibility of workﬂow technology for ﬂowchart-based analysis of
retrospective electronic health record (EHR) data. The current
framework and developed software components represent a proto-
type implementation, and the evaluation study was designed to
test the query modeling paradigm of this prototype. The key ques-
tion of this evaluation study was to demonstrate performance and
qualitative advantages of RetroGuide’s ﬂowchart-based query
modeling approach over SQL on a group of non-expert users. Dueto utilization of workﬂow technology, we do not anticipate funda-
mental changes to this ﬂowchart-based query modeling paradigm.
The presentation of query results via RetroGuide’s hierarchical re-
ports (generated during RetroGuide scenario execution) was not
evaluated in this study. We anticipate several future improve-
ments to the reporting capabilities of the current RetroGuide pro-
totype. All four phases of RetroGuide use (data pre-processing,
scenario development, scenario execution, and reports review)
are described in detail in previous publications [14,15,42]. This
evaluation was performed on RetroGuide version 2.3, which was
developed at Intermountain Healthcare and the University of
Utah’s Department of Biomedical Informatics as a PhD dissertation
project. Extensions to RetroGuide (not reﬂected in this evaluation)
were later developed at a second institution (Biomedical Informat-
ics Research Center of Marshﬁeld Clinic Research Foundation). This
later work on RetroGuide is part of a larger project of integrating
workﬂow technology within an EHR system [43]. Because Retro-
Guide is based on workﬂow technology and a standard process def-
inition language, other institutions can reproduce its search
functionality with any XPDL-compliant workﬂow suite. A work-
ﬂow editor, a workﬂow engine and an EHR data repository are
the key components of the RetroGuide architecture. Limited addi-
tional documentation is available at http://retroguideexpr.wiki.
sourceforge.net.
1.3. Previous RetroGuide case-based evaluations
To test the feasibility and advantages of RetroGuide, a two-
phase evaluation was designed. The ﬁrst phase, described only
brieﬂy in the next paragraph, used case studies to demonstrate
and test various system features. The second phase was the mixed
method evaluation.
Phase one evaluation was methodologically similar to the afore-
mentioned studies describing related query systems. Five Retro-
Guide case studies have been published: (1) analysis of female
Hodgkin’s lymphoma patients [44], (2) analysis of hypertension
guideline adherence in diabetics [45], (3) analysis of glucose proto-
col performance in intensive care unit patients [46], (4) analyses of
adverse drug events after use of narcotics and hepatitis C treat-
ment [15], and (5) quality improvement analyses in osteoporosis
and cholesterol control [47]. The results of the ﬁrst evaluation
phase were 7 fully-developed RetroGuide use cases created by
the authors of the RetroGuide system (two use cases have not been
published). Demonstration of the RetroGuide use cases to external
reviewers (medical informatics experts) hypothesized the follow-
ing RetroGuide advantages: (1) improved query understanding
by analysis requestors, (2) easier query formulation offered by
the step-based, single-patient methodology (building on the anal-
ogy to the manual chart review), and (3) enhanced drill-down
capabilities facilitated by the hierarchical arrangement of Retro-
Guide result reports and RetroGuide’s ability to produce query/sce-
nario execution trace for individual patients.2. Methods
2.1. Study design
The ﬁrst two hypotheses derived from the case-based evalua-
tion (improved query understanding and easier query formulation)
were the basis for the design of the second phase. Phase two eval-
uation used a group of 18 human subjects to compare the ability to
solve query tasks using RetroGuide versus SQL.
The evaluation targeted informatics users with minimal to
moderate experience with database query technologies. Due to
RetroGuide’s key developmental goal to lower the technological
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group was deemed most appropriate for the evaluation. Friedman
andWyatt [48] deﬁne several types of evaluation studies which are
performed depending on the maturity of the evaluated resource.
The types of studies range from needs assessment and structure
validation in the development stage to usability tests and labora-
tory (or ﬁeld) user effect studies in the deployment stage. Due to
RetroGuide’s prototype nature, we pursued a structure validation
of RetroGuide’s modeling paradigm. Friedman and Wyatt [49] pro-
vide the following description of this type of evaluation: ‘‘Structure
validation study addresses the static form of the software and is
usually performed after a ﬁrst prototype has been developed. The
focus is on the appropriateness of the algorithms, data structures
and knowledge bases.” Our motivation for this structure validation
was to guide future development of RetroGuide and to evaluate
whether RetroGuide meets a subset of the original development
requirements. Speciﬁcally, the requirements evaluated were: a
user-friendly modeling tool, sufﬁcient expressivity for medical
problems, ability to iteratively progress from simpler to more com-
plex problems, and the executable ﬂowchart concept (see [14] for a
complete list of the RetroGuide design requirements).
We chose a comparative study design (i.e., comparing Retro-
Guide to another analytical framework) because of its ability to
better demonstrate relative RetroGuide advantages and disadvan-
tages. SQL was chosen as a reference technology because it is di-
rectly available for use (unlike some research-based query
systems), non-proprietary, and an internationally accepted stan-
dard. Das’s TLSQL evaluation [18] also used SQL as the reference
technology.
The evaluation study did not target the entire RetroGuide proto-
type implementation, but focused on how questions are modeled,
since it represents the key factor in RetroGuide’s analytical ap-
proach and is not likely to fundamentally change in future
enhancements to the framework. The output portion of the frame-
work (the generated reports and how answers are presented to the
user) will be the focus of a future evaluation.
The study design was inﬂuenced by the prototype nature of the
implementation and by the structure validation purpose of the
study. Additional limiting factors (and their impact on the study)
were: (1) reasonable requirement of subjects’ time (impacted the
number of the study tasks for the subject to solve and the choice
of paper-based format rather than actual technology use), (2) lim-
ited subjects’ experience with database querying and EDW data
analysis (impacted the complexity of the study tasks), (3) subjects’
clinical expertise (impacted the choice of tasks’ clinical domains),
and (4) our ability to enroll a sufﬁcient number of subjects (im-
pacted the subjects’ enrollment criteria).
2.2. Study format
A total of 19 subjects were enrolled in the study (one subject
dropped out later). Enrolled subjects were used as ‘‘proxy users”
[49] for analyst and requestors (Friedman’s deﬁnition of a proxy
user is a user which sufﬁciently represents the resource’s intended
user in a situation where it is not possible or affordable to use the
intended users directly). The enrollment criteria required subjects
to have experience with analytical problems, databases and SQL,
and a biomedical informatics background. The ﬁrst criterion re-
ﬂects the fact that the target user group (for the ﬁrst RetroGuide
release) was a speciﬁc subgroup of non-experts: champion clini-
cians or other champion requestors. The majority of such reques-
tors at our institution have some prior database experience. The
second criterion, limiting the subjects to existing or past biomedi-
cal informatics students, was intended to ensure that the enrolled
subjects would have some aspects of a clinical-user type and, con-
comitantly, some aspects of an analyst-user type (combination ofsufﬁcient clinical and technical knowledge). Each subject received
a paper study packet designed according to the test-based evalua-
tion approach proposed by Friedman for structure validation
studies.
The study had two primary aims: The ﬁrst aim was to compare
how well RetroGuide and SQL support solving analytical tasks in
the healthcare domain. This aim was implemented as a quantita-
tive paper study which used scores on a task-based test as a key
evaluated measure. This quantitative study had two groups of
questions. Task questions compared subjects’ ability to construct a
solution to a given analytical task. Choice questions compared
how well a subject understands and can modify pre-constructed
solutions to a given analytical task.
The second aim was to compare the subjects’ experiences with
RetroGuide versus SQL. This aim was implemented as a qualitative
paper study. The qualitative study included open-ended questions
comparing the subject’s experience with RetroGuide and SQL, and
validated questions based on a most recent technology acceptance
model formulated by Venkatesh et al. (UTAUT) [21]. UTAUT-based
questions focused only on RetroGuide technology. The article
appendix lists all tasks (T1–T9), choice (C1–C5) and UTAUT-based
questions.
The study paper packet also included a ﬁve-question back-
ground questionnaire. The questions were based on the UTAUT-de-
ﬁned moderators (age, gender, past education, level of SQL
experience) and the subject’s source of SQL knowledge (formal
SQL course or self-learning). These were collected in order to per-
form subanalyses of the study results.
2.2.1. Quantitative evaluation
The quantitative evaluation consisted of a total of 14 questions
(9 task questions and 5 choice questions). Each subject was asked
to answer the set of 14 questions twice, once using SQL and once
using RetroGuide. The subjects were randomized so that half of
them started with RetroGuide while the other half started with
SQL. Subjects were instructed to have a 24-hour interval between
the two approaches tested (wash-out period).
Each of the nine task questions (T1–T9) involved an analytical
task to be solved, and a large blank space was available below each
question for the subject to provide, in the SQL case, a narrative,
SQL-based pseudo-code solution, or, in the RetroGuide case, a
drawing of a ﬂowchart solution annotated with the employed Ret-
roGuide external applications. For example, question T4 was: ‘‘Find
all patients who had at least two creatinine lab results ﬂagged as
too high.”
Subjects were instructed to focus on the overall ability to solve a
given task and describe fundamental steps necessary for solving it.
Minor technology syntax errors were speciﬁcally stated as outside
the focus of the task questions. For scoring purposes, each task
question had, apart from several general query correctness criteria
(for RetroGuide and SQL), an itemized set of crucial solution steps.
The presence of those crucial steps in a subject’s solution was eval-
uated on a percentage range (0–100%), which was then translated
into three possible question scores. For example, the list for Retro-
Guide’s solution to question T5 (‘‘Find all patients who had at least
two creatinine lab results too high but they must be at least
180 days [or more] apart from each other”) included: (1) proper
identiﬁcation of two, abnormal creatinine results, and (2) correct
implementation of the 180-days-apart criterion. Partial fulﬁllment
of those crucial steps was also considered. Each task question
would be later scored 0, 0.5, or 1 point. A correct solution received
1 point, a partial solution containing at least 50% of the necessary
steps received 0.5 points, and an incorrect or ‘blank’ solution re-
ceived 0 points. The ﬁnal, three-grade scoring granularity (0, 0.5,
or 1 point) for each question simpliﬁed the overall test scoring.
Two reviewers (RAR and SN) were used to assign scores for each
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with over 15 years of experience in medical data analysis and deci-
sion support.
Subjects were instructed to use no more than 45 min to solve all
task questions in a given technology (RetroGuide or SQL). Use of
the time limit ensured that the study also factored into the com-
parison the time required for solving a problem in a given technol-
ogy. The technology which supported faster solution creation or
review had a higher chance of achieving higher average test scores.
The ﬁve choice questions (C1–C5) introduced a solution to a gi-
ven analytical problem (1), and then presented a slightly extended
problem (2) together with three possible solutions (marked ‘‘a”,
‘‘b”, or ‘‘c”). The subjects were asked to choose the correct option.
Option ‘‘c” in each question was ‘‘none of the above” and was de-
signed to be the correct answer on one of the ﬁve questions for
each tested approach to broaden the number of options [50].
Choice questions were later scored 1 point for a correct solution
and 0 points for an incorrect or missing one. Similarly to the task
questions section, a 15-minute time limit was enforced for the
completion of choice questions (separately for each tested
technology).
A total test score for RetroGuide answers and for SQL answers
was calculated. A paired t-test was used to compare the mean Ret-
roGuide and SQL scores. The null, two-sided hypothesis was that
there is no difference in mean scores of RetroGuide versus SQL
technology. Each of the two subsections (choice questions and task
questions) was also analyzed separately using the same statistical
approach. To assess the agreement of the two human reviewers
(for the task questions), we calculated a Cohen’s kappa statistics
and performed three subanalyses of the task questions score differ-
ences: separately for each reviewer and as a combined average
score.
2.2.2. Qualitative evaluation
The second part of the study focused on qualitatively comparing
the two approaches (SQL vs. RetroGuide) using 13 follow-up ques-
tions (F1–F13) divided into two major sections A and B. Section A
focused on comparison of SQL and RetroGuide technologies, and
also included one question about a generic analytical technology.
Section B questions targeted RetroGuide technology only.
The ﬁrst three questions (F1–F3) of section A were open-ended
questions. Question F1 asked what approach was preferred by the
subject and why. Questions F2 and F3 asked the subject to state all
disadvantages found with SQL and RetroGuide, respectively. Sec-
tion A concluded with one question (F4) about the quality of the
instructions provided for both parts of the quantitative study,
and a ﬁnal question (F5) where nine features of a generic analytical
tool were ranked by the subject according to their perception of
importance.
Section B used Likert scale questions (F6–F13) to assess Retro-
Guide, which were based on previously validated constructs of
the UTAUT model. UTAUT uniﬁes several previous technology
acceptance models. In biomedical informatics, the technology
acceptance model described by Davis and Bagozzi [22,23], one of
the UTAUT predecessors, has been used in several informatics tech-
nology evaluations [24–27]. UTAUT deﬁnes four direct determi-
nants (performance expectancy, effort expectancy, social
inﬂuence, and facilitating conditions) of user intention to use a
technology and also looks at later actual use of the technology. It
identiﬁes fourmoderating factorswhich affect the above four deter-
minants (gender, age, experience, and voluntariness of use).
Section B investigated 3 UTAUT constructs by using at least two
questions per construct: performance expectancy (questions F6,
F9, F12), effort expectancy (questions F7, F10, F13), and behavioral
intention (questions F8, F11). UTAUT provides a validated 5-point
Likert scale ranging from 1 (=strongly disagree) to 5 (=stronglyagree). For example, question F6 investigating performance expec-
tancy was: ‘‘I ﬁnd RetroGuide useful for solving analytical prob-
lems;” question F10 investigating effort expectancy was: ‘‘It is
easy for me to use RetroGuide to create analytical models;” and
question F8 investigating behavioral intention was: ‘‘Having Retro-
Guide as an available option in my analytical job – I intend to use
RetroGuide.” Knowledge of the user’s assessment of those three
constructs for RetroGuide technology, according to the UTAUT
model, enables prediction of later actual use of RetroGuide-like
technology. This prediction is, however, limited by the fact that
none of the qualitative evaluation’s questions attempted to assess
UTAUT’s social inﬂuence and facilitating conditions predictors. Gi-
ven the structure validation setting of the study and the prototype
nature of the tested resource, it would not have been meaningful to
include these two predictors.
2.3. Study procedure
Subjects were enrolled using email and a personal 5-minute
interview describing the goals and structure of the study. Enrolled
subjects met with the investigator (VH) for 45 min where standard
training on RetroGuide technology was presented and they were
given the study packet. The packet contained speciﬁc instructions
for the subject to perform the study on his/her own schedule,
including the 24-hour break between the compared approaches
and the time-limit restrictions for each section. The packet con-
tained three additional items: (1) summary of the RetroGuide tech-
nology training; (2) simpliﬁed list of necessary RetroGuide external
applications; and (3) sample data sheet demonstrating the storage
structure of the EHR data, which applied to both compared tech-
nologies (SQL and RetroGuide). Training for SQL technology was
not provided since a minimum of a basic knowledge of SQL was
an enrollment criterion for subjects, and the study assumed that
a basic knowledge is more than equivalent to the 45-minute Retro-
Guide training.
After return of all study packets, the qualitative section was
then scored and analyzed using R statistical package [51]. Manual
content analysis of the qualitative section was done using catego-
rization, summarization and tabulation techniques on the collected
textual data [52]. The reliability of the tested UTAUT constructs in
the qualitative section B was analyzed using the same statistical
package.3. Results
Characteristics of the 18 subjects are shown in Table 1. The
majority of the subjects were female (72.2%) and of age category
31–35 (33.3%). Intermediate knowledge of SQL was most prevalent
(44.4%), and zero subjects reported no SQL knowledge or expert
SQL knowledge, satisfying the aim of the enrollment criteria.
3.1. Quantitative evaluation
The mean total RetroGuide score was 11.1 compared with the
mean SQL score of 6.3. The mean difference of 4.8 ± 1.8 was statis-
tically signiﬁcant using paired t-test (p < 0.001, 95% conﬁdence
interval 3.4–5.4). Similarly, signiﬁcant results were found when
looking at subscores of task questions (T1–T9) only, as well as sub-
scores of choice questions (C1–C5) only (see Table 2 for complete
results). Task questions T1–T9 were scored by two different
reviewers. The total score results presented above and in Table 2
use the average score from both reviewers. A separate analysis of
the scores for each reviewer (task questions only) agreed with
the above presented average scores results (p < 0.001 for both
reviewers, data shown in Table 3).
Table 1
Evaluation of study subject characteristics.
Property Number (%)
N 18
Sex
Male 5 (27.8%)
Female 13 (72.2%)
Age
18–25 1 (5.6%)
26–30 0 (0%)
31–35 6 (33.3%)
35–40 5 (27.8%)
41–45 1 (5.6%)
45–50 4 (22.2%)
50+ 1 (5.6%)
Database experience
None 0 (0%)
Extremely basic 6 (33.3%)
Basic 4 (22.2%)
Intermediate 8 (44.4%)
Expert 0 (0%)
Source of expertise*
Medical informatics database class 12 (66.6%)
Database class elsewhere 3 (16.6%)
Self-learning 12 (66.6%)
Educational background*
Computer science degree 0 (0%)
MD degree 8 (44.4%)
RN degree 5 (27.8%)
MS in medical informatics 4 (22.2%)
PhD in medical informatics 5 (27.8%)
MS in nursing informatics 5 (27.8%)
PhD in nursing informatics 1 (5.6%)
MS in other ﬁeld 5 (27.8%)
PhD in other ﬁeld 2 (11.1%)
* Multiple choice is possible for source of expertise background question. The total
will thus not equal n.
Table 2
Quantitative evaluation results: mean scores, standard deviations (SD), paired t-test
conﬁdence intervals (CI), and p-values.
Mean SD CI; p-value*
Total score (range 0–14)
SQL total score 6.3 2.2
RetroGuide total score 11.1 1.9
Difference RetroGuide-SQL 4.8 1.8 3.4–5.4; p < 0.001
Task questions (range 0–9)**
SQL 4.3 1.6
RetroGuide 7.3 1.2
Difference RetroGuide-SQL 3.0 1.3 2.4–3.6; p < 0.001
Choice questions (range 0–5)
SQL 1.9 1.2
RetroGuide 3.2 1.1
Difference RetroGuide-SQL 1.3 1.3 0.7–2.0; p = 0.0004
SQL, structured query language.
* 95% CI, p-values are for paired t-test, 2 sided hypothesis.
** Mean scores (from both reviewers) are shown for task questions (T1–T9).
Table 3
Qualitative evaluation: task questions results analyzed separately for each reviewer.
Mean SD CI; p-value*
Task questions (reviewer A)
SQL 4.5 1.6
RetroGuide 7.8 1.2
Difference RetroGuide-SQL 3.3 1.4 3.1–3.7; p < 0.001
Task questions (reviewer B)
SQL 4.0 1.6
RetroGuide 6.7 1.3
Difference RetroGuide-SQL 2.7 1.4 2.0–3.3; p < 0.001
CI, conﬁdence interval; SD, standard deviation; SQL, structured query language.
* The range for all items was 0-9 points.
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agreement of the two reviewers on the total pool of 234 task ques-
tion score pairs. The result (kappa = 0.53) indicates moderate
agreement [53].
Linear regression was used to determine whether score differ-
ence could be predicted by any of the subject characteristics such
as gender, age, SQL experience, or SQL experience source. No linear
regression model could predict the score difference (adjusted
R-squared <0.1) and none of the factors were statistically signiﬁcant.A two-sample t-test showed no statistical difference in test score
differences between the group which started with the SQL technol-
ogy versus the group which started with the RetroGuide
technology.
3.2. Qualitative evaluation
According to results from question F1 (‘‘Which technology do
you prefer and why?”), 94.4% (17 subjects) preferred RetroGuide
to SQL. Analysis of the qualitative comments was performed and
several categories were identiﬁed. The leading categories were
‘‘easy to learn/use/understand” (9 subjects), followed by ‘‘temporal
modeling capabilities” (6 subjects), and ‘‘more intuitive/natural/
logical” (4 subjects). One subject found both technologies equiva-
lent. No subject preferred SQL. Such strong preference for Retro-
Guide, in fact, represents probably the most important overall
result of the evaluation study.
Examining answers to the question on SQL’s difﬁculties (ques-
tion F2), the leading category of comments were ‘‘must know exact
syntax/be expert” (7 subjects), ‘‘difﬁcult to use” (6 subjects), and
‘‘insufﬁcient support for temporal criteria” (5 subjects). The leading
categories for RetroGuide’s difﬁculties (question F3) were ‘‘need to
know function of various applications and new terminology” (4
subjects), ‘‘none” (3 subjects), ‘‘hard to understand what data user
gets back” (2 subjects), and ‘‘can be slow for queries involving a lar-
ger population” (2 subjects).
For the two questions which asked about clarity of study
instructions, using a 5-point scale of very poor (1) to excellent
(5), the SQL mean result was 4.06 and the RetroGuide mean was
4.24. Those scores indicate that the study instructions for both
methods were sufﬁciently clear. Finally, for question F5 where
the importance of several features of a generic analytical tool
was evaluated, the results are shown in Table 4. The table lists
overall rank for 9 prelisted features and one subject-added feature.
The two most important features were ‘‘intuitive model under-
stood by non-experts” (rank 2.22) and ‘‘short training time” (rank
3.61). These were followed by ﬁve other factors with similar aver-
age rank, ranging from 5.05 to 5.56 (‘‘graphical representation,”
‘‘facilitation of collaboration,” ‘‘short query time,” ‘‘based on estab-
lished technology,” and ‘‘direct access to data as physically
stored”).
For the 3 UTAUT constructs investigated (questions F6–F13),
Table 5 lists Likert scale mean and standard deviations for each
question. It also shows Cronbach’s alpha reliability statistics for
each concept. All three surveyed constructs of performance expec-
tancy, effort expectancy, and behavior intention exhibit reliability
within the recommended range of >0.70 [54]. Employing the
UTAUT prediction model, the achieved mean scores indicate that
if the RetroGuide technology would be developed from the current
prototype into a full software product, it most likely would be well
accepted by future users (all scores are well above the middle
Table 4
Average ranking of features of a generic analytical tool.
Overall
rank*
Description
2.22 Modeling paradigm is intuitive even for a non-expert
3.61 Training time required to master the tool is short
5.06 Graphical representation of the problem
5.06 Presence of features which facilitate collaboration of an informaticist/
clinician with a professional database analyst
5.22 Query time is short
5.35 Tools incorporate an established technology standard or syntax
5.56 Technology offers direct access data as they are physically stored in the
data warehouse
6.06 Technology supports iterative working cycle of a project team (extending
previous results and analyses)
8.22 Affordable purchase price for the software
n/a Other: support for time based structures
* Smaller number indicates higher importance. Only one subject entered an addi-
tional free-text feature (exact rank calculation was not possible).
Table 5
Construct reliability, mean and standard deviation (SD) scores (5-point Likert scale).
Construct Mean SD Cronbach’s alpha
Performance expectancy (PE) 0.871
PE1 4.45 0.62
PE2 4.11 0.58
PE3 3.89 0.76
Effort expectancy (EE) 0.849
EE1 4.39 0.70
EE2 4.28 0.75
EE3 3.89 0.76
Behavior intention (BI) 0.752
BI1 4.22 0.88
BI2 4.39 0.70
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measure of actual technology use).
4. Discussion
4.1. Discussion of results
The quantitative and qualitative results of our study indicate
that RetroGuide is a better and preferred technology then SQL for
non-expert users. By measuring scores on a test (consisting of
query tasks) we were able to qualitatively show a signiﬁcant differ-
ence between RetroGuide and SQL technologies. There are two
evaluation studies in the biomedical informatics domain which
have a very similar evaluation design and also use a task-based ap-
proach and score comparison methodology [55,56]. Qualitative re-
sults show strong user’s preference of RetroGuide (95%) over SQL
technology, reveal its key advantages and hint to possible improve-
ments for future versions of RetroGuide – which is in agreement
with the structure validation and development guidance purpose
of our study.
The study showed three main qualitative advantages of Retro-
Guide over SQL: RetroGuide was easier to learn, better supporting
temporal query tasks, and it was perceived to be a more intuitive
modeling paradigm. We hypothesize that RetroGuide’s analogy to
step-based manual chart review and other features related to this
analogy (e.g., single-patient processing, or the concept of the cur-
rent position in the record) are largely responsible for these three
advantages. In terms of RetroGuide disadvantages, two possible
groups can be discussed: (a) disadvantages identiﬁed by the study
subjects during our evaluation, and (b) disadvantages identiﬁed by
the creators of RetroGuide or other informatics reviewers. The fol-lowing three RetroGuide disadvantage themes were most fre-
quently stated by the study subjects (in response to question F3):
(1) need to know what individual RGEAs do; (2) unclear query out-
put; and (3) possible slow query performance on large cohorts.
Two additional expert-suggested RetroGuide disadvantages were:
(1) readability of ﬂowchart of very large scenarios (involving more
then 40 nodes), and (2) ability to search for multiple instances of
given event patterns (e.g., pregnancy followed by a deep vein
thrombosis) without requiring a loop ﬂowchart structure.
The advantage of our evaluation over similar system evalua-
tions (perhaps with the exception of Das’s study) is that it com-
pares RetroGuide’s developed framework to another analytical
formalism (SQL). Additionally, the employed measures consider
the user’s experience with the technology. Das’s study used query
time as a comparison measure. Given that a technically perfect
technology may not be the most convenient framework to work
with for a non-expert requestor or analyst, factoring in a user’s
experience with the technology may provide a more useful indica-
tor of the overall quality of the analytical technology. Our study is a
query system evaluation that uses the UTAUT technology accep-
tance model. Structure validation studies are an important part
of developing any informatics resource, and designs and results
of these studies are often underreported in literature. Our report
is a contribution to help ﬁll this gap.
A ﬁnal observation made during this evaluation is the impor-
tance of the underlying technological difference between SQL and
RetroGuide technologies, which impacts the way a solution to a
query problem is constructed. Whereas SQL is a declarative pro-
gramming language, RetroGuide scenario resembles a procedural
programming language. In a declarative language, the user is using
a ﬁxed set of language-supported constructs (e.g., SELECT, WHERE,
JOIN) to specify the desired goal, and the underlying query engine
takes care of fulﬁlling the request algorithmically. In other words,
the SQL statement reﬂects what the result should be, rather then
how to obtain it. A declarative language needs a complex, underly-
ing query processing engine to translate the declarative model into
actual result-producing computer steps. The purely declarative
nature of SQL led to the development of procedural extensions to
SQL, such as PL/SQL or Transact-SQL. Query-building tools that rely
primarily on SQL technology will likely expose this declarative way
of problem-solving. Our qualitative results indicate that this
declarative modeling might not be intuitive to non-experts. In con-
trast, a solution written in a procedural (or imperative) language
deﬁnes a sequence of computer commands, authored directly by
the user, which ultimately produces the results. The user’s strong
preference for RetroGuide indicates that the procedural method
of solving tasks, wrapped into a graphical interface, is more intui-
tive for non-experts because it resembles how a human might
solve the problem as a step-based, manual chart review.
4.2. Study limitations
A limitation of the study is that the results are valid for the spe-
ciﬁc and limited set of tasks that were analyzed. Although the set
of analytical problems used was meant to be realistic and was re-
viewed by a panel of experts (researchers with experience and for-
mal training in informatics and health services research), it was not
realistic to attempt to cover all possible analytical tasks. The choice
of tasks, their total number, and their complexity was, in fact, sig-
niﬁcantly limited by the study time requirements and by the clin-
ical and analytical background knowledge of the targeted subject
population. Furthermore, there was a special emphasis on tasks,
which included temporal conditions, since temporal consider-
ations are frequent and important in medicine, but current data-
base and query technologies often lack sufﬁcient support for
them [6]. An initial, larger set of 21 possible problems (for task
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a panel of two study researchers. The smaller set was then pre-
sented to ﬁve medical informatics experts. Two experts provided
suggestions which were later incorporated into the ﬁnal set.
We did not ﬁnd a suitable and established corpus of analytical
tasks that we could have relied upon. Each new analytical technol-
ogy focuses on different aspects of the data query problem and no
scientiﬁc effort has been made in the past to implement the same
set of problems with multiple related technologies and compare
performance along multiple axes (e.g., query time, training and
expertise required, result presentation, or overall technology
user-friendliness). We did produce RetroGuide solutions to clearly
deﬁned problems in publications presenting related systems, but
many of those problems were too complex or required substantial
clinical or background expertise to be used in a fairly time-con-
strained study.
A second study limitation is its focus on users with low to inter-
mediate levels of SQL knowledge, and whether requiring some SQL
knowledge but not expert level is appropriate. As for the require-
ment of some SQL knowledge, we restate our focus on champion
requestors, making the study results applicable only to a subset
of non-expert users. We also wanted to evaluate RetroGuide
against an existing and proven technology. SQL was selected be-
cause of its availability and general user experience, but only lim-
ited SQL knowledge was required of the participants. Regarding the
exclusion of SQL experts, an important aim of the RetroGuide pro-
ject was to offer a tool that could lower the barrier to analysis of
data for novice users, i.e., novice in terms of limited SQL expertise
and understanding the database schemas. Expert users of SQL most
likely do not need support in solving complex query tasks. Thus, gi-
ven the speciﬁc group of users that would beneﬁt from RetroGuide,
the imposed subject enrollment limitations were considered very
important and acceptable.
Finally, the use of a paper-based evaluation format, rather than
actual software tools for authoring and executing SQL queries, or a
workﬂow process editor and engine for RetroGuide scenarios, may
have also impacted our results. The ability of subjects to use ad-
vanced features of a SQL editing environment, such as code com-
pletion, color coding, or debugging, would likely produce
different results; however, its impact on the qualitative results is
less obvious since most errors in this evaluation were due to an
inability to think of a proper SQL statement or overall strategy
for a task, details most SQL editing environments do not address.
The impact of RetroGuide’s graphical user interface on query crea-
tion is unknown at this point and will be a subject of later evalua-
tions. Our choice of a paper-based format was largely determined
by the structure validation study format, but also time constraints
for subjects to complete the study.
4.3. Lessons learned and recommendations
During our study several important challenges and opportuni-
ties were identiﬁed. These are summarized in the following points:
1. A structure validation study during an early stage of develop-
ment of a novel query system can be very instrumental in guid-
ing subsequent development. User-friendly query systems
represent a considerable development challenge and evaluation
efforts involving early prototypes provide very valuable feed-
back. However, the tendency to always apply very strict evalu-
ation criteria may result in fewer research projects attempting
to take advantage of this opportunity.
2. Finding optimal measures for quantitative comparison of query
technologies is difﬁcult. Measuring query execution time (as
used in the comparison of TLSQL and SQL [18]) is relevant to
a user who needs immediate results. However, the timerequired to author correct query statements may be a much
more important factor. Several other measurements, such as
training time, necessary knowledge about healthcare data
structures, or complexity of the testing corpus of tasks are also
important. In an optimal evaluation, multiple measures should
be used. Our solution was to combine all these factors into a
score measure on a task-oriented test, which was then pre-
sented to a speciﬁc group of users within a limited time period.
3. Establishing comparable scoring instructions for diverse tech-
nologies and the assignment of scores to subject’s solutions
was very challenging. In non-prototype settings, this can be
solved by an automated comparison of corresponding query
outputs and use of discrete scoring (pass/fail), rather than a
continuous scoring system. Increasing the number of solved
tasks, if the study settings allow, is another way of optimizing
the evaluation design.5. Conclusion
This resource structure validation study compared RetroGuide
with SQL-based tools using a sample of non-expert users. Using
the RetroGuide approach, the subjects achieved signiﬁcantly high-
er scores in solving analytical tasks, and also scored higher in tasks
which required understanding of given analytical solutions. The
qualitative part of the study demonstrated that most users pre-
ferred RetroGuide to SQL because RetroGuide was easier to learn,
it better supported temporal tasks, and it was perceived to be a
more logical modeling paradigm. Using the UTAUT technology
acceptance prediction model, the study results suggest that a fully
developed, RetroGuide-like technology likely would be well ac-
cepted by users.
The study results are crucial in our decisions about further
enhancement and development of the RetroGuide framework.
The future plan is to produce a more robust RetroGuide implemen-
tation which would be mature enough to undergo a more rigorous,
laboratory, user-effect evaluation. The research community should
consider establishing a standardized corpus of healthcare query
tasks which would improve validity of comparative evaluations
of different query systems.Acknowledgments
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Appendix A
A.1. Quantitative task questions (T1–T9) T1: Find all patients who ever had in their EHR any record of a
previous ‘‘comprehensive eye exam” report.
 T2: Find all patients who had blood creatinine level measured at
least once.
 T3: Find all patients whoever had blood creatinine lab results
which were ﬂagged as being too high.
 T4: Find all patients who had at least two creatinine lab results
ﬂagged as too high.
 T5: Find all patients who had at least two creatinine lab result
too high but they must be at least 180 days (or more) apart.
 T6: Find all patients who have diabetes but no record of hyper-
tension diagnosis.
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hypertension diagnosis in their EHR (the temporal order does
not matter).
 T8: Find all patients who were ﬁrst diagnosed with diabetes and
their diagnosis of hypertension came after their diabetes (cer-
tain temporal order of conditions enforced).
 T9: Find all patients with diabetes, who have at least two
systolic blood pressure measurements over 130 mm Hg after
they became diabetic. However, two additional restrictions
apply to the question. First, do not consider any blood pres-
sure measurement in the initial treatment period of
24 months after establishing the diagnosis of diabetes. Second,
the two elevated systolic blood pressure measurements over
130 must be at least 11 months apart from each other.
A.2. Quantitative choice questions (C1–C5)
C1: LDL Cholesterol test
Problem 1: Find patients who ever had LDL-cholesterol over
130 mg/dl.
Problem 2: Find all patients whose latest LDL cholesterol in
year 2005 was over 130 mg/dl.
C2: Fracture in women
Problem 1: Find all patients who had a fracture.
Problem 2: Find all patients who had a fracture at age 66.
C3: Hypertension prior diabetes
Problem 1: Find all patients who have both conditions – dia-
betes and also hypertension (temporal order does not
matter).
Problem 2: Find all patients who have both conditions but
they had diagnosis of hypertension ﬁrst and after that
became diabetic (speciﬁc order enforced).
C4: Count number of fracture episodes
Problem 1: Count how many fracture episodes each patient
had.
Problem 2: Count the fracture episodes each patient had. But
after any given fracture episode, do not count any follow-up
fracture visit within 90 days.
C5: Adverse drug event detection
Problem 1: Find all patients who were given narcotic
antidote naloxone and within 6 h from this naloxone
administration were transferred to ICU. If naloxone is given
multiple times, consider only the ﬁrst such episode.
Problem 2: Find all patients who experienced the above
adverse drug event (naloxone and transfer within 6 h) and
also had a record of sleep apnea ICD diagnosis prior to this
adverse drug event (i.e.: the searched sequence is: apnea,
naloxone and transfer).
A.3. UTAUT-based qualitative study questions (F6–F13)
Each question was rated on a scale ranging from 1 to 5, where
1 = strongly disagree and 5 = strongly agree. Reliability scores
for each construct are shown in parentheses.
PE: Performance expectancy (alpha = 0.871)PE1: I ﬁnd RetroGuide useful for solving analytical prob-
lems/questions.
PE2: Using RetroGuide enables me to accomplish analytical
tasks more quickly.
PE3: Using RetroGuide increases my productivity.
EE: Effort expectancy (alpha = 0.849)
EE1: I ﬁnd RetroGuide easy to use.EE2: It is easy for me to use RetroGuide to create analytical
models.
EE3: Learning to use RetroGuide is easy for me.
BI: Behavioral intention (alpha = 0.752)
BI1: Having RetroGuide as an available option in my analyt-
ical job – I intend to use RetroGuide.
BI2: Having RetroGuide as an available option in my analyt-
ical job – I predict that I would use RetroGuide.
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